Abstract. In literature, it is well established that feature extraction and pattern classification algorithms play essential roles in accurate estimation of the elbow joint angle. The problem with these algorithms, however, is that they require a learning stage to recognize the pattern as well as capture the variability associated with every subject when estimating the elbow joint angle. As EMG signals can be used to represent motion, we developed a non-pattern recognition method to estimate the elbow joint angle based on twelve timedomain features extracted from EMG signals recorded from bicep muscles alone. The extracted features were smoothed using a second order Butterworth low pass filter to produce the estimation. The accuracy of the estimated angles was evaluated by using the Pearson's Correlation Coefficient (PCC) and Root Mean Square Error (RMSE).The regression parameters (Euclidean distance, R 2 and slope) were then calculated to observe the effect of the features on elbow joint angle estimation. In this investigation, we found that for a 10-second long recording period, the MyoPulse Percentage (MYOP) Rate produced the best accuracy: with PCC of 0.97 ± 0.02 (Mean±SD) and RMSE of 11.37 ± 3.04
Introduction
Surface ElectroMyoGraphy (EMG) is often used to control an assist device such as the upper and lower limb exoskeletons with the function to support human life [1] . It is obvious that the EMG signal can be related to the human limb motion. Several efforts on EMG signal detection have been made to investigate the relationships between muscle groups and limb movement [2] and [3] . In the EMG detection stage, Tang et al. [4] collected EMG signal from four muscle groups located at biceps brachii, brachioradialis, triceps, and anconeus to estimate the elbow joint angle. Benitez et al. [5] recorded the EMG signals from two muscle groups located at biceps and triceps to develop an orthotic system. The methods that utilize more muscle groups in estimating the elbow joint angle, however, would require more computational complexities in data processing.
In order to get information related to elbow joint motion, the recorded EMG signal should be processed by using time, frequency, or time-frequency domain methods to produce informative features. After the feature extraction stage, the EMG features can represent useful information related to the joint angle, force, and torque. Choosing an appropriate feature is essential because it determines the accuracy of the estimation. Some previous studies have preferred to use time domain features over those extracted from frequency and time-frequency domains to predict joint angle [6] and [7] and torque [8] . This preference is due to reduced complexity in data processing and the application of a simple algorithm to be implemented in the real BIOMEDICAL ENGINEERING VOLUME: 15 | NUMBER: 3 | 2017 | SEPTEMBER time control. Generally, after the feature extraction process, the joint angle or torque is estimated using a machine learning algorithm or a classifier to improve the accuracy. The methods used in human-machine interaction based on EMG control, are divided into two categories: pattern recognition and non-pattern recognition [1] methods. In the pattern recognition methods, some previous studies used artificial neural networks [4] , fuzzy controllers [1] , and support vector machines [10] as their classifiers. The limitation in the pattern recognition methods, however, is that the system needs to be trained for each different subject due to the variability in the EMG signal. Therefore, in some cases, this method is not practically applicable. In the non-pattern recognition methods, some previous studies used onset analysis, proportional control, and threshold control [11] and [12] . These methods are simple to be implemented but their accuracies tend to be low. There is also limited literature on elbow-joint angle estimation using non-pattern recognition methods.
Although some efforts have been dedicated to pattern recognition and non-pattern recognition methods for elbow-joint angle estimation, there are still some limitations that should be addressed in furthering this research. Therefore, the purpose of this study is to develop a non-pattern recognition method for estimating the elbow joint angle using a single muscle group (biceps). To implement the proposed method, twelve time-domain features were investigated and a secondorder Butterworth low pass filter was applied to filter the features. The specific objectives of the study are to:
• evaluate the accuracy of EMG features in estimating the elbow joint angle using the Pearson's Correlation Coefficient (PCC) and the Root Mean Square Error (RMSE),
• evaluate the regression parameters (Euclidean distance, R-squared, and slope) that relate to the elbow joint angle.
Theoretical Background

Time Domain Features
The recorded EMG signal was extracted to get the features that related to the human elbow-joint angle during flexion and extension motions. In this study, twelve Time-Domain (TD) features were extracted to estimate the elbow joint angle. These features were classified into three categories (based on energy, complexities, and frequency information) [13] 
1) RMS
The Root Mean Square (RMS) value represents the mean power of a signal over a window length of EMG samples. The mathematical equation to describe this feature is as follows [14] :
where x i indicates the i th EMG signal and N indicates the length of the EMG signal.
2) IEMG
The Integrated EMG (IEMG) value is an absolute summation of the EMG signal over a window length of EMG samples. The mathematical equation is described as follows [14] :
3) VAR
The Variance of the EMG signal, EMG (VAR), is the average value of the power of the EMG signal. VAR is formulated as follows [14] :
4) MAV
The Mean Absolute Value (MAV) is the average of the absolute value of the EMG signal for a window length N . The MAV is formulated as [14] :
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5) LOG
The Logarithm (LOG) parameter is a measure of the non-linear characteristic of the EMG signal. The LOG value is calculated based on the average of the logarithm of the EMG signal. The LOG value is defined as follows [14] :
6) WL
The Waveform Length (WL) is used to measure the length of the signal between two consecutive samples x i+1 and x i . WL is formulated as follows [14] :
7) AAC
The Average Amplitude Change (AAC) is an the mean value of the waveform length within a window of length N . AAC is written as follows [14] :
8) DASDV
The Difference Absolute Standard Deviation Value (DASDV) is calculated based on the standard deviation between x i+1 and x i . DASDV is defined as follows [14] :
9) ZC
The Zero Crossing (ZC) value is the number of time that the signal crosses a certain threshold value. ZC is calculated as [14] :
10) SSC
The Sign Slope Change (SSC) is the number of times the slope of the signal changes its sign within a window of length N . It is formulated as follows [14] :
11) WAMP
The Wilson Amplitude (WAMP) is the number of times that the absolute value of the difference between two consecutive samples (x i+1 and x i ) exceeds a threshold value. It is defined as follows [14] :
12) MYOP
The MyoPulse Percentage (MYOP) Rate is the average of the number of times that the EMG signal exceeds a predefined threshold. MYOP can be expressed as [15] :
Infinite Impulse Response
It is obvious that the EMG signal has random and stochastic characteristics in nature [16] . Therefore, in order to smooth and reduce the noise contaminating this signal, filtering is required. Commonly, the filtering stage, as it has been performed in previous studies [12] and [17] , is conducted by applying a digital LowPass Filtered (LPF) to process the EMG signal. In this study, an Infinite Impulse Response (IIR) LPF was designed and implemented. The LPF was constructed using a 2nd order Butterworth filter with cutoff frequencies set between 80 Hz and 100 Hz, respectively. The IIR filter was implemented using a cascade bi quad filter. This digital filter was then implemented by using the following difference equation [18] :
where x[n] indicates the nth input sample, y[n] indicates the nth output sample, b 0 , b 1 , b P , a 1 , a 2 , and a Q are the filter coefficients, and P = Q is the filter order.
Materials and Method
Participants
To implement the proposed method, four healthy male participants with no history of muscular disorder (age: 22.4 ± 3.2 years old, weight: 65.45 ± 5.67 kg) were recruited for this study after giving informed consent. Before the data collection process, the participants were recommended not to do any hard work especially anything that could potentially harm the elbow joint. The participants were instructed on how to perform the flexion and extension movements and were informed about any potential risk that could be involved in carrying out these motions.
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Equipment
A one-channel EMG system comprised of: a preamplifier, a band pass filter (with cut-off frequencies of 20 to 500 Hz, respectively), a summing amplifier, and an adjustable gain amplifier, was built. EMG signals were collected using three disposable surface (pregelled Ag/AgCl) bioelectrodes. Two bioelectrodes were positioned on the biceps muscle with the third one placed on the hand as a common ground electrode. The participants held an exoskeleton frame which was used to synchronize the elbow joint motion (see Fig. 1 ).
The elbow joint angle of the exoskeleton was collected using a linear potentiometer which was located at the joint between the arm and forearm of the exoskeleton. A one kilogram (1 kg) load was placed on the forearm of the exoskeleton.
Data Collection
Before the data collection process, the participants were instructed to follow some specific steps. EMG signals were recorded while the subject's arm held the exoskeleton and moved it in flexion and extension motions within the range of 0 to 140
• . As mentioned above, the exoskeleton was loaded with a 1 kg load (see Fig. 1 ). The motion periods were guided using a metronome program so that the flexion and extension movements could be regulated for 2 seconds, 4 seconds, 8 seconds and 10 seconds periods. EMG signals were recorded using a sampling frequency of 1000 Hz. For each period of motion, the participants performed flexion and extension motions for eight cycles (designated by C1, C2, C3, C4, C5, C6, C7, and C8) so that the total dataset comprised of 128 data points (4 participants × 4 periods × 8 cycles).
3.4.
Data Processing Figure 2 shows the processing of EMG signals to estimate the elbow joint angle. The collected EMG signals from biceps were processed to extract twelve Time-Domain (TD) features with a length of window of 200 milliseconds. The feature extraction process was conducted for each cycle of motion with the total of eight cycles. All of the extracted TD features such as: EMG F (RMS, IEMG, VAR, MAV, LOG, WL, AAC, DASDV, ZC, SSC, WAMP, and MYOP) were calculated for each cycle and motion period. In order to obtain the estimated angle, the second order Butterworth low pass filter was then applied to smooth the features. As mentioned before, this IIR low pass filter was designed using the cut-off frequencies specified above to smooth out the EMG signals. The filtered feature Melbas then assumed as the estimated elbow joint angle. To evaluate the performance of the proposed method, the estimated elbow joint angle was analyzed using the Pearson's Correlation Coefficient (PCC) and Root Mean Squared Error (RMSE). The PCC was used to evaluate the relationship between the extracted TD features and the elbow joint angle. The RMSE value was used to evaluate the deviation between the estimated angle and the measured angle. The linearity of the estimated angle was also evaluated using linear regression parameters namely R 2 , Slope and the Euclidian Distance.
Statistical Analysis
The 
Results and Discussion
The recorded EMG signals and the measured angles acquired from four participants were processed offline for feature extraction and evaluation. A predefined threshold was required for ZC, SSC, WAMP, and MYOP features. The cut-off frequency of the LPF was also essential which determined the smoothness of the estimated angle. In this work, the threshold and cut-off frequencies were chosen such that elbow joint angle estimation could be made at the maximum performance. The detailed results of this study are explained and discussed in the following subsection.
Accuracy of the Elbow Joint Angle Estimation
In this work, a relationship between the estimated angle and the measured angle was indicated by the PCC. A coefficient score approaching 1 indicates that there is a strong relationship and a score approaching 0 shows that there is a weak relationship. In the motion period of 10 seconds Fig. 3(a) and Fig. 3(b) , the results show that the estimated angles based on the MYOP feature have the highest correlation coefficient (0.97 ± 0.02) (Mean±SD) and the lowest RMSE (11.37 ± 3.04 • ). The highest accuracies of the estimated angle are also found from the estimated angle based on the MYOP feature in the motion period of 2 seconds (0.88±0.05 and 20.13±2.69
• for correlation coefficient and RMSE, respectively). Over all periods of motion, there is a minimum of RMSE of 6.07
• and a maximum correlation of 0.99 that occurred in the 10 second period of motion. Among the other features, the correlation coefficient of the estimated angle from Zero Crossing (ZC) feature showed the widest variance ( Fig. 3(a), Fig. 3(b), Fig. 3(c) , Fig. 3(d), Fig. 3(e) and Fig. 3(f) ). The estimated angle based on the VAR feature showed wider variance of RMSE compared to the other features. The ANOVA tests showed that there was a significant difference (pvalue < 0.05) in accuracy between groups of periods (10 seconds, 8 seconds, 4 seconds and 2 seconds) for all features except for the MYOP feature. In the period of motion of 8 seconds and 10 seconds, the MYOP feature showed that there was no significant difference in the RMSE value (p-value > 0.05). This indicates that the estimated angle using the MYOP feature is more consistent and produces higher accuracy to estimate the elbow joint angle for different motion periods compared to the other features. The results of our proposed method are comparable with those presented in several previous studies [3] and [19] . Pau et al. developed a model to estimate the elbow joint angle using the Hill-based method and a genetic algorithm in two muscle groups (biceps and triceps) [3] . In their study, they achieved an RMSE value of 18.6 ± 6.5
• for five continuous cycles.
Tang et al. studied the elbow joint angle estimation problem using artificial neural networks as a classifier. In their research, they utilized four muscle groups (biceps brachii, brachioradialis, triceps brachii and anconeus). The RMSE values of their model were 10.7
• , 9.67
• , 12.42
• for motion period of 2 seconds, 4 seconds, and 8 seconds, respectively [19] .
4.2.
Response of Estimated Angle to Time Ideally, the estimated angle should be comparable to the measured angle. To test this proximity, the Euclidean Distance (ED) was calculated to present the closeness between the pattern of the estimated angle and the measured angle as shown in Eq. (14):
BIOMEDICAL ENGINEERING VOLUME: 15 | NUMBER: 3 | 2017 | SEPTEMBER Figure 5 shows a typical relationship between the estimated and measured angles for both flexion and extension movements (period of motion = 10 seconds). The R 2 and Slope values were calculated to evaluate the linear regression between the estimated and measured angle as shown in Tab. 2 and Tab. 3. Table 2 shows that the R 2 of the estimated angle from the MYOP and WAMP features are higher and more consistent for all periods of motion (ranged between 0.938 and 0.998) compared to those calculated from other features. This means that the estimated angles were fitted closely to the measured angles.
The Effects of the Elbow Joint Angle on EMG Signal Features
The R 2 values of the model developed by Tang et al. were 0.83, 0.87 and 0.79 for the periods of motion 2 seconds, 4 seconds and 8 seconds, respectively [19] . Table 3 shows several of the Slope values for various EMG features. In the flexion trajectory, the estimated angle based on the WAMP and MYOP features showed the best Slope value (ranged from 0.727 to 0.889). In the extension trajectory, the estimated angle based on the MYOP feature had the best Slope value (ranged from −0.917 to −0.909 for periods of motion 10 seconds and 8 seconds, respectively).These values indicated that the estimated angle was almost linearly related to the measured angle. The negative value indicated a negative response between the measured angle and the estimated angle. From the ANOVA test, unfortunately, we found that there was a significant difference (p-value < 0.05) between the Slopes during extension and flexion movements. The Slope values decreased for the periods of motions from 10 seconds, 8 seconds, 4 seconds and 2 seconds, respectively. Ideally, the slope of the features should be constant so that the model can be used for any periods of motion. In the future, a model that can compensate the decrement of the slope is needed.
Conclusion
This study presents an investigation of TD features to estimate the elbow joint angle using EMG features based on a non-pattern recognition method. Some parameters such as the: Pearson's Correlation Coefficient, Root Mean Squared Error, Euclidean Distance, R 2 , Linear Regression Slope were evaluated to obtain the best EMG features in estimating the elbow joint angle. The EMG signals for this study were collected from biceps alone enabled us to estimate the elbow joint angle. Our findings show that for a 10 second long recording period, the MyoPulse Percentage (MYOP) Rate produced the best accuracy: with PCC of 0.97 ± 0.02 (Mean±SD) and RMSE of 11.37 ± 3.04
• (Mean±SD), respectively. The MYOP feature also showed the highest R 2 and Slope value 0.986 ± 0.0083 (Mean±SD) and 0.746±0.17 (Mean±SD), respectively for flexion and extension motions during all recorded periods.
